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subset of 9-ending prices). For our analyses, we use a retail scanner price dataset from a major Midwestern US supermarket chain.
The data has numerous advantages. First, it is large, containing over 98 million weekly price observations. Second, it includes the prices of over 18,000 different products. Third, the prices are the actual transaction prices, as recorded by the scanners at the cash registers. Fourth, the data set is weekly, which corresponds to the common retail practice of weekly pricing and price adjustment cycle.
To assess whether or not 9-ending prices are indeed lower relative to comparable non 9-ending prices, we follow Schindler (2001) by running the same tests that he run. That makes it possible to compare our findings for 9-ending prices to his findings for 99-ending prices.
The sheer size of our dataset, however, enables us to go beyond Schindler's tests as follows. First, we are able to conduct the analysis at the category level, for each one of the 29 product categories in the data. Second, the panel structure of the dataset enables us to compare prices across stores, within stores, and over time. We take advantage of these possibilities by estimating regression equations with fixed effects that control for stores, product sub-categories, weeks, and products.
This allows us to measure the differences between 9-ending and non 9-ending prices, while we control for the variability across stores, for sub-category level inflation, and for products within stores. The differences that we report, are therefore the residual price differences that remain within stores between similar goods on the same week, and for each product in each store over time.
Our findings are as follows. First, we find that at the category level, 9-ending prices are on average higher than non 9-ending prices. Second, at the product level, we find that in most cases, 9-ending prices are on average higher than prices with other endings. Third, we find that sale prices are more likely to be non-9 ending than the corresponding regular prices. Fourth, we find that among sale prices, 9-ending prices are often lower, on average, than comparable non 9-ending prices.
We run several robustness tests, which include a comparison of 9-ending prices to 0ending prices, considering the effect of 9 as the highest possible right-most digit, using price level (instead of log-transformed prices), excluding the outlier observations, and using a sale filter to identify sale prices. The findings we report are robust to these tests.
Based on the first three findings, we conclude that although consumers may associate 9-ending prices with low prices, our data indicates otherwise. The fourth finding offers a possible explanation for why 9-ending prices are perceived by consumers as low. The retailers appear to use 9-ending prices to emphasize large price cuts during sales, which may be guiding the shoppers towards associating 9-ending prices with low prices.
The paper is organized as follows. In section 2, we describe the data. In section 3, we discuss some descriptive statistics, and offer evidence on the frequency distribution of the last digit in our price data. In section 4, we present the results of several statistical and econometric analyses to determine whether or not 9-ending prices are lower than comparable non 9-ending prices. In section 5, we present the results of robustness tests.
We conclude in section 6 by summarizing the main findings, and discussing ethical aspects of the implications.
Retail Scanner Price Data
We study price data from a large US Midwestern retail supermarket chain Dominick's Finer Food. We have price data from the chain's 93 stores, containing 98,914,300 weekly price observations for 18,036 different products in 29 product categories, during the 8-year period from September 14, 1989 to May 14, 1997 (Mehrhoff, 2018 . 2 These are actual transaction prices that consumers have paid each week, as recorded by the chain's scanners at the checkout cash registers. 3 The products in our sample make up about 30% of the chain's revenue. 4 Table 1 offers descriptive statistics about the price data, by product categories. Among the 29 product categories, the smallest category in terms of the total number of observations we have, Bath Soaps, has 418,097 weekly price observations, and the largest, Soft Drinks, has 10,741,742 weekly price observations. In terms of the number of 2 For statistical analyses, we identify the products by their SKU (Stock Keeping Unit) number. 3 For more details about Dominick's data, see for example, Barsky, et al. (2003) , Chen, et al. (2008) , Chevalier, et al. (2003) , and Levy et al. (2010) . Dominick's data can be downloaded from the University of Chicago Business School's web site: https://www.chicagobooth.edu/research/kilts/datasets/dominicks. For Dominick's code manual and user guide, see: https://www.chicagobooth.edu/-/media/enterprise/centers/kilts/ datasets/dominicks-dataset/dominicks-manual-and-codebook_kiltscenter.aspx, accessed May 6, 2019. 4 Dominick's data have been used in dozens of studies. Recent examples include Tsiros and Hardesty (2010), Meza and Sudhir (2010) , Chahrour (2011) , Midrigan (2011) , Eichenbaum et al (2011) , Macé (2012) , Guimaraes and Sheedy (2011) , etc. See: https://www.chicagobooth.edu/research/kilts/datasets/dominicks# for a complete list. products, the Oatmeal category is the smallest, containing 96 different products, and Shampoos category is the largest, containing 2,930 different products. The average price in the data is $2.59.
Descriptive Statistics and the Distribution of the Last Digit
The frequency distribution of the last digit in the entire dataset for all categories combined is shown in Figure 1 . According to the figure, 9 is the most frequent price ending comprising 63.9% of the prices, followed by 5-endings, comprising 11.4% of the prices, and 0-endings, comprising 4.7% of the prices. The remaining endings are less common, each comprising between 1.9%-4.1% of the prices.
The frequency distribution of the last digit by product category is shown in Figure 2 .
According to the plots in the figure, 9 is the most frequent price ending in 28 out of the 29 categories, with the exception of the category of Cigarettes, which according to Besley and Rosen (1999) and Chen et al (2008) , is subject to numerous regulatory restrictions. In some product categories, 9-endingss are particularly dominant, comprising over 80% of the prices. These include Analgesics (86.0%), Bath Soap (88.3%), Beer (95.7%), Grooming Products (86.8%), Shampoos (91.5%) and Soft Drinks (82.7%).
Results of the Econometric Analyses

Average 9-Ending and Non 9-Ending Prices
As a first check of whether or not 9-ending prices are indeed lower than non 9-ending prices, we compare the averages of 9-ending and non-9 ending prices in each category. If consumers believe that 9-ending prices are lower than other prices because this is the pattern that they observe in the marketplace, then we would expect that, on average, 9ending prices will be lower than prices that end with other digits.
We report the results of this analysis in Table 2 . In column (1) of the table, we report the average 9-ending prices, in column (2) we report the average non 9-ending prices, and in column (3) we report the percentage difference between the average 9-ending and non 9-ending prices, computed as a log-difference.
We find that in 22 out of the 29 product categories, the average 9-ending prices exceed the corresponding average non 9-ending prices. In some product categories, the size of this difference is particularly large. In 10 product categories, the average 9-ending prices are higher than the average non 9-ending prices by 20% or more. These categories are Analgesics (21.24%), Cigarettes (55.48%), Front-End-Candies (33.38%), Grooming Products (22.15%), Paper Towels (26.24%), Soft Drinks (56.36%), Shampoos (20.66%), Soaps (25.65%), Tuna (19.96%), and Toilet Papers (42.56%). The average percentage difference computed across the 22 product categories in which the average 9-ending prices exceed the corresponding average non 9-ending prices is 18%.
Thus, overall, the differences we find between the average 9-ending and average non 9-ending prices are consistent with Schindler's (2001) findings for 99-ending prices: 9ending prices are on average higher than non 9-ending prices, which is counter to the popular belief.
A Comparison of 9-Ending and Non 9-Ending Prices for Individual Products at the
Store Level
It could be that the stores that have higher than average prices also have higher than average shares of 9-ending prices. In that case, even if 9-ending prices are the lowest within each store, we might still find that across all stores 9-ending prices are higher than the corresponding non-9 ending prices.
In addition, some of Dominick's product categories include several sub-categories. If 9-ending prices are more prevalent in sub-categories with relatively high prices than in sub-categories with lower prices, then even if 9-ending prices are the lowest within each sub-category, we might still find the opposite at the category level.
To explore these possibilities, we calculate for each product at each store, the percentage difference between the average 9-ending and non 9-ending prices. We use the resulting figures to plot category-level histograms, which show the frequency distribution of these percentage differences. Figure 3 depicts the resulting frequency distributions for each of Dominick's 29 product categories. In Table 3 , we report the corresponding descriptive statistics. These statistics include the median, the average, the standard deviation, the skewness, and the kurtosis for each product category.
Inspecting the plots in Figure 3 and the corresponding descriptive statistics in Table 3 , we see that at the product-store level, in 25 of the 29 product categories, the average of the percentage difference is positive. Thus, in vast majority of categories, the average 9ending prices are higher than the average non 9-ending prices even when we look at the level of a specific product, at a specific store.
We can also see that in 26 of the 29 product categories, the median of the percentage difference is positive, suggesting that the higher average 9-ending prices are not caused by outliers. Rather 9-ending prices are higher on average because more product-stores have higher average 9-ending than average non 9-ending prices. Table 3 , the skewness is positive in 18 of the 29 product categories, which means that in these product categories, the distribution of the percentage difference is skewed to the right. Therefore, in addition to the finding that in most categories there are more product-stores with higher average 9-ending than average non 9-ending prices, we also find a longer tail on the right-hand side of the distribution. In other words, in these categories, we also find more extreme cases where the average 9-ending price is much higher than the average non 9-ending price than cases where the average 9-ending price is much lower than the average non 9-ending price. Table 3 , the values of the kurtosis statistic are all greater than 3, meaning that the tails of the distributions of the percentage gap are thicker in comparison to the Normal Distribution, in all 29 product categories. Importantly, the kurtosis attains particularly high values in cases where the skewness is positive and large. Indeed, the correlation between the measures of skewness and kurtosis in this data is 0.91, exceptionally high.
According to
We thus rule out the possibility that 9-ending prices are lower than non 9-ending prices at the level of individual stores or within sub-categories.
The Role of the Upward Trend in the Prevalence of 9-Ending Prices
Because prices tend to increase over time, if 9-ending prices became more prevalent over time, then that could lead to high average 9-ending prices overall even if 9-ending prices are lower than non 9-ending prices in any given individual year.
To explore this possibility, we calculate the share of 9-ending prices for each year in the data set from 1989 to 1997. In Table 4 , we present the results. The figures in the table suggest that the share of 9-ending prices had increased gradually over time from 51.9% and 54.7% in 1989 and 1990, respectively, to 68.9% and 73.0% in 1996 and 1997, respectively. Thus, given that US inflation during this period was positive, the increase in the share of 9-ending prices over time can perhaps explain why we find for the entire data series that 9-ending prices are higher, on average, than non 9-ending prices.
To formally test whether 9-ending prices are higher or lower on average than non 9ending prices, while controlling for the effect of the time trend, we estimate a series of OLS regressions with fixed effects at the category level. The dependent variable in these regressions is the log of the price. The main independent variable in all the regressions is a dummy for 9-ending prices, which equals 1 if the price is 9-ending, and 0 if the price ends with any other digit. The coefficient of the 9-ending price dummy therefore gives the expected percentage difference between 9-ending and non 9-ending prices. We report the estimation results in Table 5 .
In column (1) of Table 5 , we report the estimation results of a regression, which includes dummies for weeks and for subcategories-store. Thus, we control for the effects of different subcategories at the store level, and for the overall price trend. The results are not substantially different from the findings we reported in Table 2 . In 22 out of the 29 product categories, the expected 9-ending prices are higher than the expected non 9ending prices. The differences are statistically significant in 21 of the cases. In 19 of the 21 product categories, the significance level is 1%.
In column (2), we use a stronger test. Here we add subcategories-store-week dummies.
Thus, we control for inflation at the subcategory-store level. The 9-ending price dummy should therefore capture the differences between goods that belong to the same subcategory at the same store and on the same week. In other words, the differences that we find between the expected values of the 9-ending and non 9-ending prices, represent the expected differences that exist within a store on a given week between the prices of goods that belong to the same product subcategory.
Using this specification, we find that the expected 9-ending prices are higher than the corresponding expected non 9-ending prices in 23 of the 29 product categories. The differences are statistically significant in 22 of the cases, with 21 of them significant at 1% level. In one product category, Frozen Dinners, where the expected 9-ending prices are lower than the expected non 9-ending prices, the difference is not statistically significant.
In another product category, Oatmeal, where the expected 9-ending prices are lower than the expected non 9-ending prices, the difference is only marginally significant statistically.
Thus, when we add controls for subcategories-store-weeks, we find that the expected 9-ending prices are lower than the expected non 9-ending prices with statistical significance in only 5 of the 29 product categories. In other words, when we consider the store-subcategory level, which is the level that consumers look at when comparing goods within a store, we find that in 24 of the 29 categories, the expected 9-ending prices are either higher, or not statistically different, than the expected non 9-ending prices.
As an additional test, we perform an even more restrictive analysis, by looking at the prices of individual products within individual stores over time and compare the prices when each good is sold at 9-ending and at non 9-ending prices. It might be that even if 9ending prices are not necessarily the lowest within each sub-category, they still represent a good purchase opportunity because they are associated with times when individual goods are offered at low prices.
In column (3), we report the estimation results of this test. The independent variables are the dummy for 9-ending prices, fixed effects for products at the store-level, and for weeks. Here we find that in 26 out of the 29 product categories, the expected 9-ending prices are still higher than corresponding non 9-ending prices. Thus, even for individual goods at individual stores, in almost all product categories, 9-ending prices are expected to be higher than non 9-ending prices.
Regular Prices vs. Sale Prices
Existing studies suggest that consumers perceive 9-ending prices as low because they tend to associate 9-endings with sale prices (see, for example, Schindler and Kibarian, 2001 ). However, Levy et al. (2019) report that in Dominick's dataset, 9-ending prices are more common among regular prices than among sale prices. In other words, Levy et al (2019) , analyzing the same dataset as we do here, find that regular prices are more likely to be 9-ending than sale prices.
In Table 6 , we show that this result holds true also when we consider the proportion of 9-ending prices in regular and sale prices, at the category level. To identify sale-prices, we use a sale dummy ("sale flag"), which is included in the Dominick's dataset. This sale indicator variable, however, has a disadvantage, because according to Peltzman (2000) and Dominick's Data Manual, the sale dummy was not set by Dominick's on a regular basis, and consequently there are instances were a good was offered at a sale price, but the Dominick's sale dummy indicates no sale price. An alternative to the use of the sales dummy would be to use a sale filter, a mechanical algorithm that identifies sale prices , Nakamura and Steinsson 2008 . We employ this alternative method below as a robustness test in section 5.5.
The figures reported in column (1) of Table 6 show the percentage of sale prices that are 9-ending. Column (2) reports the percentage of regular prices (the prices that are not flagged by the sale dummy) that are 9-ending. Column (3) reports the difference between the shares of 9-ending prices among sale and regular prices.
We find that in 25 out of the 29 product categories (the categories of Cereals, Cigarettes, Frozen Juices, and Toothpastes being the exception), the values in column (3) are negative, with an average of −18.5%. In other words, in these categories, 9-ending prices are more common among regular prices than among sale prices. Furthermore, in the Cigarettes category, there are only 21 observations that Dominick's sale dummy marks as sale prices, and thus the results in that category are based on a very small sample of sale prices. Therefore, consumers' tendency to associate 9-endings with low prices cannot be explained by 9-ending prices being sale prices. That is because the shoppers are more likely to encounter 9-ending prices when they buy the goods at a regular price than at a sale price.
There is another possibility, however. Even if 9-endings are not more common among sale prices than among regular prices, the belief of the consumers that 9-ending prices are low, could perhaps still be rationalized. If 9-ending prices are lower on average than non-9 ending prices among sale prices, then it is possible that consumers associate 9-endings with price cuts. Indeed, Schindler (2001) offers this as a possible explanation for his finding that 99-ending prices are not as low as is commonly believed.
To explore this possibility, we run the same OLS regressions with the same fixed effects, as the ones we presented in Table 4 . The only exception is that we now estimate separate regressions for regular prices and for sale prices. We report the estimation results in Table 7 . The figures that we report in the table are the coefficient estimates of the 9ending price dummy, which equals 1 if the price ends with 9, and 0 if the price ends with any other digit.
In columns (1)-(3) of the table, we report the estimation results for regular prices, and in columns (4)-(6) for sale prices. In columns (1) and (4), we report the estimation results of regressions where we include controls for weeks and for subcategories-store. In columns (2) and (5), we report the estimation results of regressions that include controls for subcategories-store-weeks. In columns (3) and (6), we report the estimation results of the regressions that include controls for weeks and for products-store.
For regular prices, the estimation results in column (1) suggest that the expected 9ending prices are lower than the expected non 9-ending prices (that is, the estimated coefficient is negative and statistically significant) in 10 product categories. In one category (Toothpastes), however, the difference is only marginally significant. In column (2), the coefficient of the 9-ending dummy in the regression for the Toothpastes' category is not significant and, consequently, the expected 9-ending prices are lower than the expected non 9-ending prices in 9 product categories.
In column (3), where we use dummies for products-store, we find that the expected 9ending prices are lower than the expected non 9-ending prices in only four product categories. Thus, when we focus on regular prices, and include dummies for products in specific stores, we find that in 24 out of 29 product categories, the expected 9-ending prices are higher than the expected non 9-ending prices, and in one category, there are no statistically significant differences between 9-ending and non 9-ending prices.
For sale prices, we cannot estimate the regressions for the Cigarettes' category because the Dominick's sale dummy identifies only 21 prices as sale prices and all of them are 9ending. For the remaining 28 categories, we find in column (4) that the expected 9-ending prices are lower than the expected non 9-ending prices in 13 product categories, higher in 14 product categories, and there is no statistically significant difference in one product category. According to the figures in column (5), the expected 9-ending prices are lower than the expected non 9-ending prices in 10 product categories, higher in 12 categories, and there are no statistically significant differences in six product categories.
In column (6), where we use dummies for products-store, we find that the expected 9ending prices are lower than the expected non 9-ending prices in 17 categories, higher in 9 product categories, and there are no statistically significant differences in two categories.
Thus, to summarize the results on regular and sale prices, we find that for regular prices, which in our data are the bulk of the prices (82.2%), 9-endings are not indicative of a better deal than non 9-ending prices. For sale prices, the results are more mixed. At least according to column (6), which focuses on the difference between 9-and non 9-ending prices of products within stores, in 19 out of 28 product categories, the expected 9-ending prices are either lower or not higher than the expected non 9-ending prices.
This suggests that although 9-ending prices are in general higher, not lower, than non 9-ending prices, it might be that Dominick's helps to maintain the image of 9-ending prices as low prices by setting sale prices at 9-endings in the case of price cuts. Such behavior by the retailer can perhaps explain how consumers learn to associate 9-endings with low prices.
Robustness Tests
To assess the robustness of our findings, we run several additional tests which we present below as follows. In section 5.1, we compare 9-ending prices to 0-ending prices.
In section 5.2, we explore the effect of 9 as the highest possible right-most digit. In section 5.3, we assess the effect of the log-transformation of prices by redoing the analyses using the level of prices. In section 5.4, we rerun the analyses by excluding outlier observations. Finally, in section 5.5, we compare again regular and sale prices, but this time using a sale filter.
A Comparison of 9-Ending and 0-Ending Prices
It is often argued that consumers interpret 9-ending prices as if they come with a small gain relative to the nearby round price (Schindler and Kirby, 1997) . In addition, it has been suggested that 9-endings signal low prices, whereas 0-endings signal quality (Schindler and Kirby 1997 , Stiving and Winer 1997 , Stiving 2000 , Schindler and Kibarian 2001 , Schindler 2006 . It is therefore possible that the low-price image that 9-ending prices have, stems from consumers' practice of interpreting 9-ending prices relative to, or in comparison to, the nearby 0-ending prices, and judging them accordingly. Schindler (2001) examines this hypothesis by comparing 99-ending prices to 00-ending prices.
We explore this hypothesis with our data by repeating the analyses that we report in Tables 2 and 5 . This time, however, we compare 9-ending prices to 0-ending prices only, excluding from our analyses all other non 9-ending prices. In Table 8 , which is equivalent to Table 2, we report for each product category, the average of 9-ending prices in column (1), the average of 0-ending prices in column (2), and the percentage differences between the two, computed as a log-difference, in column (3).
According to the figures in the table, the average 9-ending prices are higher than the average 0-ending prices in 20 of the 29 product categories. The average percentage difference computed across these 20 product categories is 10.84%. In some product categories, the size of this difference is particularly large, including Cigarettes (32.54%), Grooming Products (20.26%), Soft Drinks (21.84%), and Toilet Papers (30.63%).
Thus, even when we restrict the sample of non 9-ending prices to 0-ending prices only, we find that although 0-endings might be perceived as a signal of quality, in most product categories 0-ending prices are still lower than 9-ending prices, on average.
As a formal test, in Table 9 , we report the estimation results of a series of regressions of the differences between 9-ending and 0-ending prices by product categories. These OLS regressions are similar to the ones that we report in Table 5 . This time however, the data include only 9-ending and 0-ending prices.
The estimation results of this regression further strengthen the results we reported in Table 7 . In the regression in column (1), which includes dummies for weeks and for subcategories-store, we find that in only five product categories (Bath Soaps, Cookies, Frozen Dinners, Frozen Entrees, and Frozen Juices), the coefficient of 9-ending price dummy is negative and statistically significant. In 21 of the 29 product categories, the coefficient is positive and statistically significant. Thus, the expected 9-ending prices are significantly higher than the expected 0-ending prices in 21 product categories. In three product categories (Crackers, Canned Soup, and Paper Towels), the differences are not statistically significant.
In column (2), where we add fixed effects for subcategory-store-weeks, we find that the coefficient estimate of the 9-ending price dummy is again negative and statistically significant in only five product categories (Bath Soaps, Cookies, Frozen Dinners, Frozen Entrees, and Frozen Juices). The coefficient estimate of the 9-ending price dummy is positive and statistically significant in 20 product categories. Thus, in this specification, we find that the expected 9-ending prices are higher than the expected 0-ending prices in 20 of the 29 product categories. In four product categories (Crackers, Canned Soup, Fabric Softeners, and Paper Towels), the differences are not statistically significant.
In column (3), where we add fixed effects for weeks and for products within stores, we find that the coefficient of the 9-ending price dummy is positive and statistically significant in 21 of the 29 product categories. In other words, we find that even when we restrict the sample to 9-ending and 0-ending prices, in 21 of the 29 product categories, a consumer who buys the same good at the same store, is expected to get a better deal if the price s/he pays ends with a 0 than with a 9. This finding is consistent with Schindler (2001), who finds that in his data, 99-ending price were not, on average, lower than 00ending prices.
Could It Be the Rightmost Digit Effect?
A possible explanation for the finding that 9-ending prices are higher than the prices that end with other digits, is that the difference might be due to 9 being the largest digit.
Thus, it is possible that 9-ending prices are higher, on average, than other prices for a technical reason: A price that ends with 9 is greater than any price with the same left most digits but that ends with any digit between 0 and 8. That is, 9.99 is higher than all the prices in the range 9.90-9.98.
To test this possibility, we first truncate all price endings so that the right most digits are now all set equal to 0. To keep track of the original prices, we use an indicator variable which identifies the prices that were 9-ending prior to the truncation. In column (1) of Table 10 , we report the average 9-ending prices after-truncation, in column (2) we report the average non 9-ending prices after-truncation, and in column (3) we report the percentage difference between them, computed as a log-difference.
We find that the truncation decreases, as expected, the differences between the average 9-ending and non 9-ending prices. Yet in 21 product categories, the average 9-ending prices are still higher than the average non 9-ending princes. Even after the truncation, the average percentage difference computed across the 21 product categories in which the average 9-ending prices exceed the corresponding average non 9-ending prices is 17.31%.
In Table 11 , we report the estimation results of a series of regressions of the differences between 9-ending and non 9-ending prices by product categories, when we use the truncated data. These are OLS regressions with the same fixed effects as the ones we report in Table 5 .
In the regression in column (1), which includes dummies for weeks and for subcategories-store, we find that the coefficient of the 9-ending price dummy is negative and statistically significant in only 8 product categories (Cereal, Cookies, Frozen Dinners, Frozen Juices, Fabric Softeners, Oatmeal, Toothbrushes and Toothpastes). In 16 of the 29 product categories, the coefficient of the 9-ending price dummy is positive and statistically significant. In five categories, the differences are not statistically significant (Bath Soaps, Beer, Bottled Juices, Dish Detergents, and Snack Crackers).
In the regression in column (2), which includes fixed effects for subcategory-storeweeks, we find that the coefficient estimate of the 9-ending price dummy is again negative and statistically significant in 8 product categories (Cereal, Cookies, Frozen Dinners, Frozen Juices, Fabric Softeners, Oatmeal, Toothbrushes and Toothpastes). The coefficient estimate of the 9-ending price dummy is positive and statistically significant in 17 product categories. In four categories, the differences are not statistically significant (Bath Soaps, Bottled Juices, cigarettes, Snack Crackers).
In the regression in column (3), which includes fixed effects for weeks and for products within stores, we find that the coefficient of the 9-ending price dummy is positive and statistically significant in 17 of the 29 product categories. In other words, we find that even after we truncate all prices to have a 0-ending, we find that in 17 of the 29 product categories, a consumer who buys the same good at the same store, is expected to get a better deal if the price s/he pays does not end with a 9.
Average 9-Ending and Non 9-Ending Prices in Levels
In the regression analyses above, we use the log of the prices as the dependent variable. To check that our results do not depend on this transformation, we rerun the same OLS regressions with the same fixed effects that we reported in Table 5 , but this time we use the level of the prices rather than their logs. The coefficient estimates we report here, should therefore be interpreted as the expected differences in dollars rather than in percentages. The estimation results are reported in Table 12. In the regression in column (1), which includes dummies for weeks and for subcategories-store, we find that in 21 out of the 29 product categories, the expected 9ending prices are higher than the expected non 9-ending prices. The differences are statistically significant (p < 0.01) in 20 of the cases.
In the regression in column (2), which includes subcategories-store-week dummies, we find that the expected 9-ending prices are higher than the corresponding expected non 9ending prices in 19 of the 29 product categories. In four more product categories (Beer, Cigarettes, Frozen Entrees, Toothbrushes), the differences are not statistically significant.
Thus, in 23 of 29 product categories, the expected 9-ending prices are either higher or no different than the expected non 9-ending prices.
In the regression in column (3), which includes fixed effects for weeks and for products at the store-level, we find that in 24 out of the 29 product categories, the expected 9-ending prices are higher than corresponding non 9-ending prices. In only 5 product categories (Beer, Cookies, Frozen Entrees, Frozen Juices, Toothpastes), the expected 9ending prices are lower than the expected non 9-ending prices.
Thus, using the level of the prices instead of their logs, does not change the main conclusion we reported above: in great majority of the product categories, the expected 9ending prices are higher than the expected non 9-ending prices, regardless of the additional controls that we include in the regressions.
Analysis of the Data with Outliers Excluded
As another robustness test, we check whether our results are driven by outlier observations. To explore this possibility, in each category we exclude from the sample the observations that are more than 2-standard-deviations away from the category mean.
Using the restricted sample, we rerun the analyses we reported in Tables 2 and 5. In columns (1) and (2) of Table 13 , we report the average 9-ending and non 9-ending prices in the restricted sample. In column (3), we report the percentage difference between them, computed as a log-difference. Inspecting the figures in the table, we find that the exclusion of the outlier observations does not change the main finding we reported for the entire sample: in 22 product categories, 9-ending prices are on average higher than non 9ending princes. The average percentage difference computed across these 22 product categories is 16%.
In Table 14 , we report the estimation results of a series of regressions of the differences between 9-ending and non 9-ending prices by product categories, when the outlier observations are excluded. These are OLS regressions, similar to the regressions we reported in Table 5 .
In the regression in column (1), which includes dummies for weeks and for subcategories-store, we find that the coefficient of the 9-ending dummy is negative and statistically significant in 8 product categories (Cereal, Cookies, Frozen Juices, Fabric Softeners, Oatmeal, Snack Crackers, Toothbrushes and Toothpastes). In 19 of the 29 product categories, the coefficient of the 9-ending price dummy is positive and statistically significant. In two categories, the estimated coefficients are not statistically significant (Dish Detergents and Frozen Dinners).
In the regression in column (2), which includes fixed effects for subcategory-storeweeks, we find that the coefficient estimate of the 9-ending price dummy is negative and statistically significant in five product categories (Cereal, Frozen Juices, Fabric Softeners, Toothbrushes and Toothpastes). The coefficient estimate of the 9-ending price dummy is positive and statistically significant in 20 product categories. In four product categories, the estimated coefficients are not statistically significant (Cookies, Frozen Dinners, Oatmeal and Snack Crackers).
In the regression in column (3), which includes fixed effects for weeks and for products within stores, we find that the coefficient of the 9-ending price dummy is negative and statistically significant in 6 product categories (Beer, Cheese, Frozen Juices, Fabric Softeners, Paper Towels, Toothpastes). The coefficient is positive and statistically significant in the remaining 23 of the 29 product categories.
Thus, in comparison to the results we reported for the full sample, when outliers are excluded, we still find that the expected 9-ending prices are on average higher than non 9ending prices, in a large majority of the product categories.
Regular and Sale Prices Using a Sale Filter
As a final robustness test, we rerun the regular and sale price analyses as discussed and presented in Tables 6 and 7 in section 4.4. The difference is that this time we identify sale prices by using a sale filter instead of relying on the Dominick's sale dummy, which as noted, might be inaccurate because it may not have been recorded on a regular basis by Dominick's.
Sale filters are mechanical algorithms that identify prices as sale prices if the prices are temporarily reduced. The disadvantage of the sale filters is that they can occasionally lead to false positives, that is, they can wrongly identify a regular price as a sale price Steinsson 2008, Ray et al 2019) . Sale filter also cannot identify sale prices close to the end points. The filters are nevertheless used extensively, because in many datasets, sales indicators are not available.
We use "Filter A" of Steinsson (2008, 2011) , which defines a price as a sale price if the price decreased, stayed low for no more than a given number of weeks, and then increased to the pre-sale level or above it. Following Knotek (2019) and Chahrour (2011) , we identify a price as a sale price if the price remained low for no more than four weeks.
The figures reported in column (1) of Table 15 show the percentage of sale prices that are 9-ending, when we use a sale filter. Column (2) reports the percentage of 9-ending prices among regular prices, that is, among the prices that are not identified by the sale filter. Column (3) reports the difference between the share of 9-ending prices among sale and regular prices.
In 28 out of the 29 product categories (the category of Frozen Juices being an exception), the figures in column (3) are negative, with an average of −16.9%. I.e., 9ending prices are more common among regular prices than among sale prices. Therefore, consumers' tendency to associate 9-endings with low prices cannot be explained by 9ending prices being sale prices. That is because they are more likely to encounter 9-ending prices when they buy the goods at a regular price than at a sale price.
As above, we explore the possibility that consumers may associate 9-endings with promotional discounts, by running the same OLS regressions with the same fixed effects, as the ones we reported in Table 7 . We report the estimation results in Table 16 .
For regular prices, the estimation results in columns (1) and (2) suggest that the expected 9-ending prices are lower than the expected non 9-ending prices (that is, the estimated coefficient is negative and statistically significant) in 7 product categories.
When we consider sale prices, we find in columns (4) and (5) that the expected 9-ending prices are lower than the expected non 9-ending prices in 10 of the 29 product categories.
When we look at the level of individual goods at individual stores, in columns (3) and (6), we find that for regular prices, column (3), the expected 9-ending prices are significantly lower than the expected non 9-ending prices in 7 out of the 29 product categories. Thus, for regular prices, it appears that even at the level of individual goods, in 22 of the 29 product categories, 9-ending prices are expected to be higher than non 9ending prices.
For sale prices, in column (6), however, the results are more mixed. In 15 out of the 29 product categories, we find that the expected 9-ending prices are significantly lower than the expected non 9-ending prices. In two product categories (Fabric Softeners and Toothbrushes), the differences are not statistically significant, and in one more product category (Frozen Entrees), the expected 9-ending prices is higher than the expected non 9ending price, but the difference is only marginally significant.
Thus, the results we find using the sale filter corroborate the results we find using Dominick's sale dummy. For regular prices, the expected 9-ending prices are usually higher than non 9-ending prices.
When we focus on sale prices only, however, it seems that in many product categories the expected 9-ending prices are lower than the expected non 9-ending prices. Thus, it appears that although overall the expected 9-ending prices are higher than non 9-ending prices, it is possible that 9-ending prices are associated with larger than average price cuts which the retailer is promoting during sales.
Conclusion
Existing empirical evidence suggests that 9-ending prices are overrepresented in many retail settings, in comparison to the expected frequency based on random, uniform distribution. Studies have also documented non-trivial effects of 9-ending prices on consumer demand and on sales volume. Existing studies conclude that shoppers tend to perceive 9-ending prices as lower than comparable non 9-ending prices.
In this paper, we ask whether this perception is justified. That is, we ask whether or not 9-ending prices are really lower than comparable non 9-ending prices, using a large retail scanner price dataset, from a major Midwestern US supermarket chain.
We report four findings. First, we find that 9-ending prices are on average higher than non 9-ending prices, at the category level. Second, we find that 9-ending prices are on average higher than non-9-ending prices, at the product level. Third, we find that sale prices are more likely to be non-9 ending than the corresponding regular prices. Fourth, we find that among sale prices, 9-ending prices are often lower, on average, than comparable non 9-ending prices. These findings are robust to variety of sensitivity tests.
First three findings lead us to conclude that the data is inconsistent with the consumers' belief that 9-ending prices are low. To the contrary, we find fairly strong evidence that the average 9-ending price is greater than the average non 9-ending pries, by as much as 18%.
This conclusion raises two related questions, one from the consumers' perspective and the other from the retailers' perspective. From the point of view of the consumers, they seem to believe, mistakenly, that 9-ending prices are low. How is it possible? Over time, it could be argued, consumers would eventually discover that the image of 9-ending prices as low prices is just that, an image, not reality.
We speculate that our fourth finding may offer a possible resolution to this puzzle. In our data, the retailer appears to use 9-ending prices for larger than average price cuts, to highlight, and to draw the shoppers' attention, to price cuts that are particularly large. This practice may be guiding the shoppers towards associating 9-ending prices with low prices.
The second question our findings raise has to do with our retailer's questionable ethical behavior, which emerges from its practice of using 9-ending prices during sales for large price cuts, on the one hand, but simultaneously setting most 9-ending prices higher than non 9-ending prices, on the other. We suspect that this pricing practice is not a coincidence. Rather, it seems to us that the retailer is taking advantage of the 9-ending prices' image in consumers' mind as low prices, by setting more 9-ending prices higher than the non 9-ending prices. Clearly, the retailer is not very transparent here, and its behavior seems ethically questionable.
Recent studies offer evidence that are consistent with this interpretation. Levy et al (2019) report, based on lab experiments and field studies, that consumers use 9-endings as a signal for low prices. Using the same Dominick's data, along with Israeli retail price data, they find that retailers take advantage of the consumers' heuristic processing of 9ending price information, by strategically keeping prices at 9-endings more often after price increases than after price decreases. Chakraborty et al. (2015) use price data from British supermarkets and report that during their sample period, many individual prices fell but basket prices rose. They conclude, that the frequent small price cuts were used to disguise the basket price increases.
Using data from a US retailer, Anderson, et al. (2017) report that in their data, temporary price cuts and discounts are often offered alongside with regular price increases. They conclude that the retailer they study is trying to mask the regular price increases.
Thus, some retailers deliberately try to disguise their basket price increases by frequent sales and/or small price cuts. Other retailers seem to follow a strategy of "hiding" price increases using a different tactic: they use 9-endings to mask price increases by taking advantage of shoppers' tendency to interpret 9-ending prices as low prices.
These findings are in line with an observation that Akerlof and Shiller (2015, pp. vii, 1) make in describing what they term a phishing equilibrium: "…our free-market system tends to spawn manipulation and deception…if we have some weakness…in the phishing equilibrium someone will take advantage of it." Following this line of argument, 9-ending pricing can be a fooling-equilibrium where consumers rely on 9-endings as a signal for low prices, and retailers respond by setting 9-ending prices higher than non 9-ending prices, as we document here.
Future studies should explore other and perhaps more recent datasets to see whether the findings we document here for Dominick's data, also hold for other retailers. Perhaps more importantly, more work along these lines is needed to better understand the reasons for what appears to be consumers' inattentive and perhaps irrational behavior in the way they interpret and understand the retail price data. 
Notes
In columns (1) and (2), we report the average 9-ending and non 9-ending prices, respectively, in each one of Dominick's 29 product categories, calculated over all stores and weeks. In column (3), we report the percentage difference between the average 9-ending and non 9-ending prices computed as a log-difference. The 22 categories with positive values in column (3) are indicated in italic boldface. All the differences are statistically significant based on the Mann-Whitney test with p < 0.01. 
In the table, we report the descriptive statistics of the distribution of the percentage difference between the average 9-ending and the average non 9-ending prices, at the product-store level, by product category. Skewness statistic is estimated using Fischer's Skewness Measure. Its statistical significance is based on the test of D'Agostino, et al (1990) , which compares the skewness in a given sample to the skewness of the normal distribution, where the latter equals 0. Kurtosis statistic is estimated using the Moment Coefficient of Kurtosis. Its statistical significance test compares it, in a given sample, to the kurtosis of the normal distribution, which equals 3. *** indicates statistical significance at the p < 0.01 level. Dummies for weeks √ √ Dummies for productstore √ Dummies for subcategories-store √ Dummies for subcategories-store-weeks √
In the table, we report the coefficient estimates of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variable is the log of the prices. The 9-ending dummy equals 1 if the price ends with 9, and 0 if the price ends with any other digit. In column (1), the regression includes controls for weeks and for subcategoriesstore. In column (2), the regression includes controls for subcategories-stores-weeks. In column (3), the regression includes dummies for weeks and for product-store. In parentheses, we report robust standard errors, clustered at the store level. * p < 10%, ** p < 5%, *** p < 1%. 
We use Dominick's sale dummy indicator to identify sale prices. In column (1), we report the percentage of 9-ending prices among sale prices. In column (2), we report the percentage of 9-ending prices among regular prices. In column (3), we report the difference between the percentage of 9-ending prices among sale prices and among regular prices. All differences are statistically significant with p < 0.01, based on the z-scores proportions test. 
In the table, we report the coefficient estimates of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variable is the log of the prices. In columns (1)-(3), we report the results when we estimate the regression using data on regular prices only. In columns (4)-(6), we report the results when we estimate the regression using data on sale prices only. We use Dominick's sale dummy indicator to identify sale prices. In columns (1) and (4), the regression includes controls for weeks and for subcategories-store. In columns (2) and (5), the regression includes controls for subcategoriesstores-weeks. In columns (3) and (6), the regression includes dummies for weeks and for product-store. We could not estimate a regression for sale prices in the Cigarettes' category because there are only 21 observations on sale prices in that category and all of them end with 9. In parentheses we report robust standard errors, clustered at the store level. * p < 10%, ** p < 5%, *** p < 1%. 
In columns (1) and (2), we report the average 9-ending and 0-ending prices, respectively, in each one of the 29 Dominick's product categories, calculated over all stores and weeks. In column (3), we report the percentage difference between the average 9-ending and the average 0-ending prices computed as a log-difference. The 20 product categories with positive values in column (3) are indicated in italic boldface. All the differences are statistically significant based on the Mann-Whitney test with p < 0.01. Dummies for weeks √ √ Dummies for productstore √ Dummies for subcategories-store √ Dummies for subcategories-store-weeks √
In the table, we report the coefficient estimates of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variable is the log of the prices. The sample includes only 9-ending and 0-ending prices. The 9-ending dummy equals 1 if the price ends with 9, and 0 if the price ends with 0. In column (1), the regression includes controls for weeks and for subcategories-store. In column (2), the regression includes controls for subcategories-stores-weeks. In column (3), the regression includes dummies for weeks and for product-store. In parentheses, we report robust standard errors, clustered at the store level. * p < 10%, ** p < 5%, *** p < 1%. 
17.31
Notes Columns (1) and (2) report the average truncated 9-ending and non 9-ending prices, respectively, in each of the 29 Dominick's product categories, calculated over all stores and weeks. Column (3) reports the percentage difference between them computed as a log-difference. The 21 product categories with positive values in column (3) are indicated in italic boldface. All the differences are statistically significant based on the Mann-Whitney test, with p < 0.01. Dominick's, September 14, 1989 -May 8, 1997 (1) (2) (3) N Analgesics 0.12 (0.005)*** 0.12 (0.005)*** 0.14 (0.001)*** 3,040,159 Bath Soaps −0.00 (0.010) 0.00 ( Dummies for weeks √ √ Dummies for productstore √ Dummies for subcategories-store √ Dummies for subcategories-store-weeks √
Notes
The table reports the coefficients of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variable is the log of the prices. The sample includes truncated 9-ending and non 9-ending prices. In column (1), the regression includes controls for weeks and for subcategories-store. In column (2), the regression includes controls for subcategories-stores-weeks. In column (3), the regression includes dummies for weeks and for product-store. Robust standard errors, clustered at the store level are reported in parentheses. *** p < 1%. ** p <5% Dummies for weeks √ √ Dummies for productstore √ Dummies for subcategories-store √ Dummies for subcategories-store-weeks √
In the table, we report the coefficient estimates of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variables are the prices. The 9-ending dummy equals 1 if the price ends with 9, and 0 if the price ends with any other digit. In column (1), the regression includes controls for weeks and for subcategories-store. In column (2), the regression includes controls for subcategories-stores-weeks. In column (3), the regression includes dummies for weeks and for product-store. In parentheses, we report robust standard errors, clustered at the store level. * p < 10%, ** p < 5%, *** p < 1%. 
15.96%
Notes
In columns (1) and (2), we report the average 9-ending and non 9-ending prices, respectively, in each one of Dominick's 29 product categories, calculated over all stores and weeks. In column (3), we report the percentage difference between them computed as a log-difference. For each product category, we exclude from the sample the observations that are more than two standard deviations away from the category mean. The 22 product categories with positive values in column (3) are indicated in italic boldface. All the differences are statistically significant based on the Mann-Whitney test with p < 0.01. (1) (2) (3) N Analgesics 0.11 (0.004)*** 0.11 (0.004)*** 0.12 (0.001)*** 2,893,605 Bath Soaps 0.10 (0.005)*** 0.10 (0.004)*** 0.11 (0.001)*** 392,621 Dummies for weeks √ √ Dummies for productstore √ Dummies for subcategories-store √ Dummies for subcategories-store-weeks √
The table reports the coefficients of a 9-ending dummy in OLS regressions with fixed effects, where the dependent variable is the log of the prices. For each product category, we exclude from the sample the observations that are more than two standard deviations away from the category mean. In column (1), the regression includes controls for weeks and for subcategories-store. In column (2), the regression includes controls for subcategories-stores-weeks. In column (3), the regression includes dummies for weeks and for product-store. The estimated coefficients in the Oatmeal category in columns (1) and (2) look equal because of the rounding. Without rounding, only one of them is statistically significant. Robust standard errors, clustered at the store level are reported in parentheses. *** p < 1%. ** p < 5% 
Here we identify sale prices using "Filter A" of Nakamura and Steinsson (2008) . In column (1), we report the percentage of 9-ending prices among sale prices. In column (2), we report the percentage of 9-ending prices among regular prices. In column (3), we report the difference between the percentage of 9-ending prices in sale prices and in regular prices. All the differences are statistically significant based on the z-scores proportions test, p < 0.01. 
In the table, we report the coefficient estimates of a 9-ending dummy in a number of OLS regressions with fixed effects, where the dependent variable is the log of the prices. In columns (1)-(3), we report the results when we estimate the regression using data on regular prices only. In columns (4)-(6), we report the results when we estimate the regression using data on sale prices only. We identify sale prices using "Sale Filter A" of Nakamura and Steinsson (2008) . In columns (1) and (4), the regression includes controls for weeks and for subcategories-store. In columns (2) and (5), the regression includes controls for subcategories-stores-weeks. In columns (3) and (6), the regression includes dummies for weeks and for product-store. In parentheses we report robust standard errors, clustered at the store level. * p < 10%, ** p < 5%, *** p < 1%. 
